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Abstract
Bryological research carried out from 2008 in Tajikistan and Kyrgyzstan brought 
interesting data on the occurrence of epiphytic bryophytes which have not been 
recorded yet there. One of the species was recently described as a new (Orthotrichum 
pamiricum) and some of the other newly recorded species are considered as rare or 
endangered in the region of Middle Asia. To make detailed field monitoring of the 
species with the aim of mapping their distribution in a wild and complex mountain-
ous terrain, it was necessary in the first instance to identify the area with suitable 
conditions for the occurrence of these species. We present an innovative modeling 
program MaxEnt (maximum entropy modeling), which have not previously been 
used for modeling either epiphytic bryophytes or in the Middle Asia region. Using 
205 samples (presence-only data), percent tree cover, and seven uncorrelated bio-
climatic variables, regions suitable for the occurrence of the studied species were 
identified. Distribution models for eight most interesting species of Orthotrichum 
are presented here (O. affine, O. anomalum, O. crenulatum, O. cupulatum, O. pallens, 
O. pamiricum, O. pumilum, and O. speciosum). They indicated appropriate areas for 
the most probable occurrence of the species in western Tajikistan, and southwestern 
and northeastern Kyrgyzstan. These results could serve as guides for future survey 
expeditions, and aid in the conservation of target species and our understanding of 
their ecology. Different environmental variables for various species were selected 
as the most important for modeling. However, for most species higher minimum 
temperatures and higher precipitation in the wettest month and mean diurnal range 
were the variables with the greatest contribution to the models.
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Introduction
Detailed bryofloristic research focused on epiphytic mosses began in Middle Asia in 
2008 by the senior author. Four species new to Tajikistan (Orthotrichum crenulatum, 
O. moravicum, O. sordidum, and O. urnigerum) and five species new to Kyrgyzstan 
(Orthotrichum crenulatum, O. dagestanicum, O. revolutum, O. scanicum, and O. vladi-
kavkanum) were observed [1–9]. Moreover, O. pamiricum, a species new to science, 
was described from the Tajik-Afghan border [10].
Although many important floristic and ecological data from the countries were col-
lected and analyzed, there still exist numerous “white spots” on the map, from which 
bryological data are missing, especially in mountainous areas. This fact led the authors to 
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create a predictive distribution model, primarily for the rare species recently discovered 
in this region. It was subsequently extended to common species, and as such, could 
be easily tested in the field. Predictions of the species’ geographical distribution based 
on available information would be beneficial for future field research [11], and could 
accelerate the discovery of unknown populations and species [12,13].
For this purpose, species distribution models (SDMs) have become a fundamental 
tool, because one potentially significant contribution of these models is to identify areas 
of higher probability of occurrence where future survey expeditions or the conservation 
of target species could be planned [14]. Several alternative methods have been used to 
predict the geographical distributions of species; on a few occasions, these were also used 
to model the distribution of mosses [11,14–18] and in one case, to model Orthotrichum 
species (Orthotrichum rogeri) using multiple logistic regression [19].
The problem with species distribution modeling (SDM) is that, in many cases, methods 
require both presence and absence data, but reliable absence data are rarely available in 
poorly sampled regions or for species that are easily missed during surveys [20], as is the 
case for bryophytes. Modeling is also problematic for species that have few records of 
occurrence. For these cases, maximum entropy modeling (MaxEnt) was ranked among 
the most effective applications for SDM [21]. MaxEnt is a machine-learning method 
[22–24] that uses principles of Bayesian estimation [25], and it calculates a raw prob-
ability value for each pixel of a study region using the maximum likelihood estimation 
method [26–28]. These raw probabilities are scaled to sum to one, and do not represent 
probability of occurrence, but rather an index of relative suitability [29]. Furthermore, 
it would be inappropriate to interpret the modeled distributions as actual borders of 
a species range. Rather, the models identify regions that have similar environmental 
conditions to those where the species currently maintains its populations [20]. It requires 
only species presence data (not absence) and environmental variable (continuous or 
categorical) layers for the study area [30]. A detailed and accessible description of the 
approach was provided by Elith et al. [25].
Studied species
All moss species presented in this article belong to the family Orthotrichaceae. One 
of the largest genera within the family, Orthotrichum, composed of at least 162 species 
[31], has been updated according to a number of sources [10,32–40]. Conversely, the 
genus Nyholmiella includes only two taxa (Nyholmiella gymnostoma and N. obtusifolia) 
[41]. Most are epiphytic mosses, occasionally growing as epiliths [42]. The taxa of these 
genera are widespread throughout the world from the Arctic to the Antarctic, except 
in deserts and wet tropical forests [43].
Study area
Tajikistan and Kyrgyzstan are two countries in Middle Asia. Altogether, they cover an 
area of 341 600 km2 (Tajikistan 143 100 km2, Kyrgyzstan 198 500 km2). They are very 
diverse countries in terms of their topography, mountain relief, climatic conditions, and 
vegetation cover. Their environmental uniqueness includes a great variety of habitats 
suitable for moss species. According to a recently published classification of global 
bioclimates, which mainly took precipitation rates and temperature values into account, 
the study area can be classified as a Mediterranean macrobioclimate [44]. This type of 
climate is characterized by a period of summer drought lasting for at least 2 consecutive 
months, in which P < 2T. As is typical of a Mediterranean climate, the area generally 
receives high levels of solar radiation as well as a low percentage of cloud cover, high-
amplitude annual temperatures, and low humidity and precipitation. These climatic 
and bioclimatic conditions determine the vegetation types and plant communities 
found in study areas where evergreen forests, xerothermophilous swards, and shrubs 
dominate the lowlands and the colline belt.
Tajikistan lies mostly between latitudes 36° and 41° N and longitudes 67° and 75° E. 
It is covered by the mountains of the Pamir range, and more than 50% of the country 
lies at altitudes over 3000 m. The highest summit is Ismoil Somoni Peak at 7495 m. The 
verify the article on the journal website.
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only major areas of lower lands are in the region of Fergana Valley and in the valleys 
of the southern Kofarnihon and Vakhsh rivers.
Kyrgyzstan lies between latitudes 39° and 44° N, and longitudes 69° and 81° E. The 
mountainous region of the Tian Shan Mountains covers approximately 80% of the 
country, with the remainder made up of valleys and basins. In the northeastern Tian 
Shan Mountains lies Issyk-Kul Lake, the largest lake in Kyrgyzstan. The highest peak 
is Jengish Chokusu Mountain at 7439 m.
Material and methods
Sampling methods
Field research during which epiphytic mosses were collected began in 2008 in Middle 
Asia. Tajikistan was visited twice (2008, 2012). Excursions were always directed into 
different regions, to explore as much of the various biotopes of the country as possible. 
In 2013, two expeditions to Kyrgyzstan were conducted using the same approach.
The mosses were collected from sites of abundance on different trees (they grew 
solitary, in alleys, or in the wood plots along river valleys) distributed across almost the 
entire territory of the countries. For all samples, GPS positions were recorded. Altogether, 
896 samples (Orthotrichum 819 and Nyholmiella 77) were collected and identified by 
the authors. The plant material collected during the field surveys was deposited in the 
Herbarium of the University of Ostrava, Czech Republic (OSTR).
Sampling bias
MaxEnt tends to produce overfitted predictions when using biased occurrence records 
[20] and overfit models are more complex than the true relationships between the 
species niche and the examined environmental variables [45]. However, the problem 
with modeling species distributions is not the spatial bias in itself, but a bias in how 
the available environmental conditions are sampled. Sampling bias causes biased 
estimation of environmental relationships, with suitability being overestimated for 
environments that have been sampled more intensively and underestimated for those 
surveyed less frequently [46]. The most straightforward resolution of this problem is 
to manipulate the occurrence data to remove the bias; for example, by discarding or 
down-weighting records in over-sampled regions [47]. This was also confirmed by 
Fourcade et al. [48] who found that such a systematic sampling (reducing the spatial 
aggregation of records) was the simplest and most obvious way to solve the geographic 
bias. For these reasons, we filtered occurrence records with a linear distance ≤10 km 
to neighboring records using QGIS [49]. This distance was not chosen to approximate 
the species dispersal capabilities, but rather to reduce the inherent geographic biases 
associated with collection data (see Boria et al. [50]). Specifically, we filtered the final 
dataset to obtain the maximum number of samples that were at least 10 km apart (see 
Anderson and Raza [51]). This radius was chosen because of the topographic and 
environmental heterogeneity of this system, following Boria et al. [50], who predicted 
that mountainous regions would require a spatial filter that is smaller than that for 
regions having more homogenous environments.
After filtering occurrence records to reduce the likely effects of spatial autocorrelation 
caused by biased sampling, we had 205 samples (196 samples of the genus Orthotrichum 
and nine samples of the genus Nyholmiella). We also removed all species for which 
the number of samples ≤5 because of their inapplicability in SDM because of the low 
number of occurrences (O. alpestre – four samples, O. dagestanicum – two samples, 
O. scanicum – one sample, O. revolutum – four samples, O. rupestre – one sample, O. 
sordidum – three samples, O. stramineum – two samples, and O. vladikavkanum – one 
sample). After removing these species, we could create SDMs for 10 species of the 
genus Orthotrichum (O. affine, O. anomalum, O. crenulatum, O. cupulatum, O. pallens, 
O. pamiricum, O. pumilum, O. speciosum, O. striatum, and O. urnigerum) and for one 
species of the genus Nyholmiella (N. obtusifolia).
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Environmental variables
For all species, we considered an initial set of 20 environmental variables represent-
ing various candidate predictors that were potentially relevant to the distribution of 
epiphytic bryophytes. In total, 19 environmental variables (Bioclim) were downloaded 
from WorldClim (http://www.worldclim.org/) [52], which is a set of global climate lay-
ers generated through interpolation of climate data from weather stations. These data 
were available at the resolution of 30 arc-seconds (approximately 1-km2 resolution). 
Because we modeled species that were mainly epiphytic, we also included percent tree 
coverage (PTC) global version data in our model, which indicated percent coverage of 
tree canopy (i.e., density of trees on the ground) (http://www.iscgm.org/; Geospatial 
Information Authority of Japan, Chiba University and collaborating organizations). 
These data were based on 2008 MODIS data (Terra and Aqua satellites) available in 
15-arc-second resolutions. PTC data were slightly modified; values representing water 
surface were converted to “no data” values because water surface is uninhabitable for 
the studied species. Furthermore, for MaxEnt analysis, these data have to be clipped and 
resampled to the same extent and resolution as the Bioclim data. We choose the cubic 
resampling method, because it is preferred for continuous data [53]. All environmental 
data were acquired in the WGS84 geographical coordinate system (EPSG:4326). For 
preparing environmental layers, we used functions from the GDAL library [54].
To avoid problems with multicollinearity (highly correlated variables), we selected 
the most meaningful and uncorrelated bioclimatic variables using ENMTools [55,56] 
to calculate Pearson’s correlation coefficients. We used only those bioclimatic variables 
whose correlation coefficient, Pearson’s r, was >0.7 or <−0.7. If variables were correlated 
between annual and one or more limiting variables (extreme events), we chose limiting 
variables for SDMs because they have more biological meaning to the distribution of 
the species [57,58]. In this regard, “annual average” factors, such as average tempera-
ture and precipitation, may have little meaning [59]. This resulted in eight bioclimatic 
variables (Tab. 1).
The remaining set of variables was used to compile MaxEnt models and variables 
with contribution scores <5% were removed. This process was repeated until a set of 
uncorrelated variables with a model contribution >5% remained.
We performed a jackknife analysis to measure the importance of each variable to 
the final distribution models. This analysis provided a heuristic estimate of the relative 
contribution of the environmental variables to the MaxEnt model and it is standard 
output of MaxEnt.
Tab. 1 List of uncorrelated environmental variables used for SDMs*.
Ecological variables used in the analysis
BIO2 Mean Diurnal Range (mean of monthly max temp. − min temp.)
BIO6 Min Temperature of the Coldest Month
BIO7 Temperature Annual Range (max temp. of warmest month − min temp. of coldest month)
BIO13 Precipitation of the Wettest Month
BIO14 Precipitation of the Driest Month
BIO15 Precipitation Seasonality (coefficient of variation)
BIO18 Precipitation of the Warmest Quarter
PTC Percent Tree Coverage
* SDMs – species distribution models.
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Background area
Appropriate selection of background locations is essential for presence-only SDM [60], 
and recent studies have shown that the extent of the study area has a strong effect on 
the parameterization and evaluation of the resulting models [61–63]. Studies have also 
highlighted several methods for selection of background points (see van der Wal et al. 
[64]). For our study, we based the extent of the geographic region in which background 
points were taken on dispersal capacity and history of the species (see Acevedo et al. 
[62]) using buffers around presence points.
Spore dispersal patterns of bryophytes show a leptokurtic distribution [65,66] and 
density of falling spores is higher near the source with decreasing density in scales 
ranging from several dozens of meters [67] to several hundreds of kilometers [68], 
with significant number of spores travelling longer distances [69–72]. However, the 
typical effective dispersal for most colonizing bryophytes is in the tens of kilometers 
[73–75], and approximately 1% of the spore rain at the regional scale is assumed to 
have trans- or intercontinental origin [68].
We also assumed, with high probability (because of the long evolutionary history of 
bryophytes), that the genus Orthotrichum has had a long-term presence in the studied 
area. This means that a single generation’s maximum dispersal distance will underestimate 
its maximum dispersal “reach” in the sense that the species may have had the potential 
to move out several-fold more than the basic, individual dispersal distance [61].
Based on previous information and because when seeking to identify unsurveyed 
sites for new survey efforts, it is better to use background points that are more likely 
to be true absences (outside the suitable area of the species and not too close to a pres-
ence point) [63], we used 200-km buffers around presence points for SDMs. This area 
seemed reasonable for background selection because it did not include large regions 
that the species did not inhabit, or areas too close to presence points. Models were 
then reprojected on the area of Tajikistan and Kyrgyzstan using MaxEnt software for 
species habitat modeling version 3.3.3k (http://biodiversityinformatics.amnh.org/
open_source/maxent/).
In cases of spatial or temporal transfer, it is necessary to examine maps that indicate 
the degree of clamping [76]. “Clamping” indicates where the prediction is most af-
fected by variables outside of their training range, while projecting the model onto the 
environmental variables in a newly projected area [23] to determine the effect (if any) 
that it had on model predictions; we did this by inspection. For all species, the effect 
of clamping was negligible.
Background points
MaxEnt takes a sample of 10 000 pixels from the study region used in model calibration 
to characterize the “background” of environments available to the species [29] and 
estimate habitat preferences by comparing the environmental characteristics at sites 
where the species has been recorded with those throughout the region modeled [46]. 
For the MaxEnt technique, Phillips and Dudík [24] found that predictive accuracy 
was higher with approximately 10 000 background pseudo-absences. Accordingly, we 
included 10 000 random background points identified from a circular 200-km buffer 
area around each presence point.
Feature class and regularization
In MaxEnt, several settings affect model accuracy by determining the type and com-
plexity of dependencies on the environment that MaxEnt tries to fit. The complexity 
of dependencies is controlled by the choice of feature types, and by settings called 
“regularization parameters” [24]. MaxEnt selects default settings for feature classes, 
called “auto features”, which applies the appropriate class or classes estimated for 
the particular sample size of occurrence records, according to the extensive tuning 
experiment of Phillips and Dudík [24]. In our models, the selection of “features” was 
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conducted automatically and for regularization, multipliers (that affect how focused 
or closely fitted the output distribution will be) were selected from a range of β values 
from 0.5 to 6 in increments of 0.5.
Model evaluation
For species with ≤20 samples. Because some species had only a very few occurrence 
records, we followed Pearson et al. [20] and used the “n − 1 jackknife” or “leave-one-
out-jackknife” approach suggested for model evaluation with few samples. To aid in 
model validation and interpretation, tests required the use of a threshold value above 
which model output would be considered a prediction of presence defined as “suit-
able” and “unsuitable” areas [20]. Choice of a decision threshold was influenced by 
the application of the model, which should guide future fieldwork toward identifica-
tion of unknown distributional areas and undiscovered species. Because of this, we 
did not need excessively conservative predictions, and we used the “lowest presence 
threshold” (LPT; Pearson et al. [20]) to convert continuous models to binary predic-
tions for calculating threshold-dependent omission rate (OR). LPT can be interpreted 
ecologically as identifying pixels predicted as being at least as suitable as those where 
a species’ presence has been recorded [20]. High-quality models should have zero or 
low omission of evaluation localities and predict evaluation localities statistically better 
than a random prediction [29]. This approach may be useful for higher sample sizes 
(up to approximately 25 records) [21], but herein we employed it for species with ≤20 
records.
For validation, we used the secondary criterion. The area under curve (AUC) was 
calculated from the receiver operating characteristics curve (ROC). The AUC calculated 
from background evaluation data represented a threshold-independent measure of a 
model’s discriminatory ability [23]. An AUC with high values referred to good results 
that significantly differed from random predictions [77]. Categories of AUC scores were 
invalid (<0.6), poor (0.6–0.7), fair (0.7–0.8), good (0.8–0.9), and excellent (0.9–1.0) 
[78,79]. We extracted evaluation OR and AUC values from the MaxEnt output for 
each jackknife iteration and averaged them to determine the final score. The logistic 
output was used for all visualizations. For every species, we chose the model with the 
lowest OR score, similar to the first criterion, or with the highest AUC score, similar 
to the secondary criterion, with the latter becoming necessary because of the same OR 
score for multiple models.
For species with >20 samples. To test the performance of the model independent of 
the data used to build it, we divided the occurrence data into training data (75% of oc-
currence point data used for model prediction) and test data (25% of occurrence point 
data used for model validation). We evaluated the resulting model using the ROC to 
calculate the AUC. High-value AUCs referred to good results that significantly differed 
from random predictions [77]. This operation was repeated 50 times and the AUC value 
averaged. The logistic output was used for all visualizations. From all models for every 
species, we chose the model with the highest AUC score.
If the AUC score for modeled species (any number of samples) did not reach an AUC 
score of at least 0.7 (fair), we did not include the results in our study. This applied to 
the following species: Nyholmiella obtusifolia (AUC = 0.3877), Orthotrichum striatum 
(AUC = 0.5867), and O. urnigerum (AUC = 0.6691).
Results
For all species used for modeling with an AUC score ≥0.7, we provide the basic char-
acteristics of the models in Tab. 2. We also provide geographic maps of the models 
identifying regions that have similar environmental conditions to where the species 
currently maintains populations in Fig. 1.
The environmental variable with the highest relative contribution to the MaxEnt 
model was BIO6, with total percent contribution to all final models being 22.5%, which 
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was also the highest contribution score for models for two species (O. anomalum and 
O. crenulatum) and second highest contribution score for models of another four spe-
cies (O. affine, O. cupulatum, O. pallens, and O. pumilum). The second highest relative 
contribution score among all models was BIO13 with a total score of 18.8%, which also 
had the highest contribution score for models of two species (O. affine and O. pallens). 
Next, the variable with the highest relative contribution score among all models was 
BIO2 with a contribution score of 16.8%, which also had the highest contribution 
score for the models of two species (O. pamiricum and O. speciosum) and the second 
highest for another (O. crenulatum). The following is the order of variables in terms of 
relative contribution: PTC 11.9%, which was the second most important factor for O. 
pamiricum; BIO18 10.1%, which was the most important variable for O. pumilum and 
the second most important for O. anomalum; BIO7 with 9.7%, which was the second 
most important variable for O. speciosum; BIO14 8.9%, which was the most important 
variable for O. cupulatum; and BIO15 with 1%.
Based on the jackknife test of variable importance, the environmental variable with 
highest gain when used in isolation (had the most useful information by itself) was BIO6 
(for O. anomalum, O. crenulatum, O. pallens, and O pumilum), BIO2 (O. pamiricum 
and O. speciosum), BIO13 (O. affine), and BIO14 (O. cupulatum). The environmental 
variable that decreased the gain the most when it was omitted (had the most informa-
tion that was not present in other variables) was BIO18 (O. anomalum, O. crenulatum, 
O. pumilum, and O. speciosum), BIO13 (O. affine, O. cupulatum, and O. pallens), and 
BIO2 (O. pamiricum).
The best model from species with >20 samples was the model for O. anomalum with 
an AUC score of 0.9236. The best model from species with ≤20 samples was the model 
for O. pallens with OR = 0.0769 and AUC = 0.7928.
All models had the same basic characteristics, but we observed some differences 
among them. The model for O. affine had the highest values in the center of the western 
part of Tajikistan. The model for O. anomalum had the highest values in northeastern 
and southeastern areas of Issyk-Kull Lake, around the Toktogul Reservoir near Bish-
kek City, and near the confluence of the Vakhsh and Obikhingou rivers. The model 
for O. crenulatum clearly showed highest values in areas in the northeastern part of 
Kyrgyzstan and in the eastern parts of Issyk-Kull Lake. The model for O. cupulatum 
reached highest values in the center of the western part of Tajikistan. The model for O. 
pamiricum was influenced by the low number of samples, but we observed high values 
in the southwestern region of Tajikistan along its borders with Afghanistan and near 
Arslanbob town in Kyrgyzstan. The model for O. pumilum showed the highest values 
around the Toktogul Reservoir, in southwestern Kyrgyzstan near its borders with 
Uzbekistan, and in the areas northeast of Issyk-Kull Lake. The model for O. speciosum 
reached the highest values around Dushanbe City, in areas around the confluence of 
the Vakhsh and Obikhingou rivers, and east of Issyk-Kull Lake.
Discussion
Bryophytes are very sensitive to microclimatic changes [80,81], and ecological condi-
tions needed for most mosses are likely to be microenvironmental [82], but on coarser 
spatial and temporal scales, other drivers are crucial to the composition of epiphytic 
communities, including macroclimatic conditions [82,83].
As we mentioned, similar research focused on species distribution modeling within 
the genus Orthotrichum was already realized [19]. However, in the case of O. rogeri, 
multiple logistic regression was used by the authors and both types of the data, presence 
and absence, were required. Because we had only presence data available, MaxEnt was 
used for all models. However, we also decided to use MaxEnt because (i) it appears 
preferable for its efficiency of prediction over wider geographical areas, (ii) it requires 
only presence data, (iii) it requires fewer, easily obtainable environmental variables, 
which has been confirmed by previous studies [84].
In our study, we used three variables connected with temperature (BIO2, BIO6, and 
BIO7) and four with precipitation (BIO13, BIO14, BIO15, and BIO18). We also used 
the PTC (percentage of tree coverage) as a factor. The reason was that some of these 
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Fig. 1 Geographic map identifying regions that have similar environmental conditions to currently known populations 
visualized on a scale from 0 to 1 for the area of Tajikistan and Kyrgyzstan with displayed collection points. a Orthotrichum 
affine. b O. anomalum. c O. crenulatum. d O. cupulatum. e O. pallens. f O. pamiricum. g O. pumilum. h O. speciosum.
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epiphytic species also grew saxicolously (less than 5% of all the recorded populations). 
That is why the samples were always biased between saxicolous and epiphytic data, and 
between presence and absence of trees. By analyzing data in this manner, we proved 
that “tree cover” is one of the most crucial factors influencing the occurrence of the 
studied species. It is important not only as a substrate, but also as a barrier to the spread 
of spores, source of shading, and creator of microclimate conditions, among other fac-
tors. Furthermore, this layer will also be important when we model the distribution of 
saxicolous or terrestrial species. It can also be interpreted as a factor marking the tree 
line in these mountainous countries. Because all species that exhibited correlations with 
higher values of the PTC factor had distributions below the tree line, we can assume 
that above this line their occurrence rapidly declines. Based on field research, we also 
know that epiphytic species within the Orthotrichum genus grow only sporadically 
above the tree line.
The most important factor for almost every species was minimum temperature in the 
coldest month. This variable acted as a limiting factor and in combination with other 
factors influenced the occurrence of almost every modeled species. Essentially, most of 
the species can be divided into two groups: the first group consists of species that are 
most influenced by a combination of minimal temperature of the coldest month and 
precipitation during the wettest month (O. affine, O. pallens), and the second group 
consists of species dependent on the combination of minimal temperature in the cold-
est month, mean diurnal range, annual temperature range, and precipitation during 
the warmest quarter (O. anomalum, O. crenulatum, O. pumilum, and O. speciosum). 
The species O. cupulatum did not fit in either of these groups, but had something in 
common with the first group (dependence on minimum temperature and precipitation 
during the wettest month). The last species, which did not fit into either group, was O. 
pamiricum, which exhibited dependence on mean diurnal range and tree cover. Spe-
cies in the first group were dependent on higher values of precipitation in the wettest 
month, and only minimally dependent on other temperature variables (mean diurnal 
range and annual temperature range). This may be because the wettest month in the 
study area is during the spring, which means that precipitation is mostly snow. Snow 
can function as isolation from the surrounding environment, and thus makes these 
species more resistant to temperature ranges.
Species in the second group, which exhibited minimal dependence on snowfall, were 
more connected with variables associated with the range of temperatures. These two 
factors had opposite effects. Higher values for mean diurnal range reflected positively 
on the probability of occurrence, which could reflect their tolerance to short-term 
fluctuations. Higher values of annual temperature range over the year led to lower 
probabilities of occurrence. This could indicate a limitation because of the temperature 
range. Another interesting feature in the second group is the dependence on rainfall in 
the driest quarter of the year. The higher values are for rainfall, the higher is their prob-
ability of occurrence, which indicates a connection with drying and their dependence 
on water availability.
The most important factor for O. cupulatum was precipitation during the driest 
month. In this case, higher values of rainfall in the driest month were related with 
higher altitudes where rainfall occurs even during the driest periods of the year. The 
probability of occurrence decreased with higher values of this variable, and as such, 
this could indicate a greater adaptation to desiccation and ability to survive prolonged 
periods of drought. This may be explained by the fact that O. cupulatum is largely 
adapted to an epixylic life strategy and these extreme conditions.
The species O. pamiricum was the last of the studied species, and it showed a different 
dependence on factors than did the others. It was mainly dependent on the variance of 
monthly temperatures and higher percentage of tree cover, which points to continuous 
forest vegetation at lower elevations.
A total of 896 moss specimens from Tajikistan and Kyrgyzstan were collected, but 
only 205 samples could be used for the purposes of modeling because of sampling bias. 
The significant difference between collected samples and samples used for modeling 
resulted from the need to collect as much material as possible for later determination 
in the laboratory. Even if samples were biased because of higher collection effort, this 
collection effort occurred because of the impossibility of determination of species in the 
field and the need for enough material for later determination. In addition, although 
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we discovered 18 species of the genus Orthotrichum and one species of the genus Ny-
holmiella, we could use only 11 species for modeling and only eight final models were 
of sufficient quality to use in our study.
Final models can contribute to our understanding of the ecological requirements 
of species. All our models were based on percent tree cover and seven uncorrelated 
climatic factors, from which a set of variables that all had a model contribution >5% 
were chosen for the final models. Results showed different preferences among species, 
but for most species, their requirements reflected reliance on higher minimum tem-
peratures and mean diurnal range, which are both higher in the lower-situated areas. 
As such, the models reached higher values in the lowlands and in western Tajikistan, 
where greater precipitation was observed in the wettest month. However, there were 
exceptions, for example, the model for O. cupulatum showed a greater dependence 
on precipitation during the driest month. At higher values of this variable, there were 
lower values in the model. This was probably connected with higher precipitation in 
the mountains in the dry month, which favored the areas with lower precipitation in 
the lower-lying areas.
As we can see, some species (usually with higher number of analyzed localities), 
have more exact maps (with stronger contrast) than those with fewer localities. This 
can be explained by the fact that with increasing numbers of the analyzed samples, the 
number of the degrees of freedom also increases. Therefore, the number of solutions 
also exhibit accretion and maps with more samples have greater contrast.
For bryologists, it is often not possible to examine the entire area of interest. Ad-
ditionally, field research in unexplored areas of the world is usually associated with 
substantial financial costs, as well as substantial time consumption. In this regard, the 
SDMs could help to focus efforts in areas that could provide a larger number of suitable 
sites for studied species.
Based on our results and relatively high AUC and low OR scores, we can assume 
that our models reflect the real situation in the studied countries, but in the future, it 
would be appropriate to test the models directly in the field, because such research could 
improve the validity and precision of predicted distributions of the genus Orthotrichum. 
Until then, the models can serve as a guide to future survey expeditions, and an aid in 
the conservation of the target species and understanding of their ecology.
References
1. Blockeel TL, Bednarek-Ochyra H, Ochyra R, Cykowska B, Esquivel MG, Lebouvier M, 
et al. New national and regional bryophyte records, 21. J Bryol. 2013;31(2):132–139. 
https://doi.org/10.1179/174328209x431213
2. Ellis L, Akhoondi Darzikolaei S, Shirzadian S, Bakalin V, Bednarek-Ochyra H, Ochyra 
R, et al. New national and regional bryophyte records, 29. J Bryol. 2011;33(4):316–323. 
https://doi.org/10.1179/1743282011Y.0000000031
3. Ellis L, Alegro A, Bansal P, Nath V, Cykowska B, Bednarek-Ochyra H, et al. 
New national and regional bryophyte records, 32. J Bryol. 2012;34(3):231–246. 
https://doi.org/10.1179/1743282012y.0000000019
4. Ellis L, Bayliss J, Bruggeman-Nannenga M, Cykowska B, Ochyra R, Gremmen N, 
et al. New national and regional bryophyte records, 38. J Bryol. 2014;36(1):61–72. 
https://doi.org/10.1179/1743282013Y.0000000085
5. Ellis L, Afonina OM, Asthana A, Gupta R, Sahu V, Nath V, et al. New 
national and regional bryophyte records, 39. J Bryol. 2014;36(2):134–151. 
https://doi.org/10.1179/1743282014Y.0000000100
6. Ellis L, Aleffi M, Tacchi R, Alegro A, Alonso M, Asthana A, et al. New 
national and regional bryophyte records, 41. J Bryol. 2014;36(4):306–324. 
https://doi.org/10.1179/1743282014Y.0000000123
7. Ellis L, Aleffi M, Bakalin VA, Bednarek-Ochyra H, Bergamini A, Beveridge P, et 
al. New national and regional bryophyte records, 42. J Bryol. 2015;37(1):68–79. 
https://doi.org/10.1179/1743282014y.0000000132
12 of 15© The Author(s) 2017 Published by Polish Botanical Society Acta Soc Bot Pol 86(2):3543
Číhal et al. / Modeling the distribution of Orthotrichaceae in Middle Asia
8. Ellis L, Asthana A, Srivastava A, Bakalin VA, Bednarek-Ochyra H, Cano MJ, et 
al. New national and regional bryophyte records, 43. J Bryol. 2015;37(2):128–147. 
https://doi.org/10.1179/1743282015Y.0000000003
9. Ellis LT, Alegro A, Šegota V, Bakalin VA, Barone R, Borovichev EA, et al. New 
national and regional bryophyte records, 44. J Bryol. 2015;37(3):228–241. 
https://doi.org/10.1179/1743282015Y.0000000014
10. Plášek V, Sawicki J, Číhal L. Orthotrichum pamiricum (Bryophyta), a new epiphytic moss 
species from Pamir Mountains in Central Asia. Turk J Botany. 2014;38(4):754–762. 
https://doi.org/10.3906/bot-1312-23
11. Yu J, Ma YH, Guo SL. Modeling the geographic distribution of the epiphytic 
moss Macromitrium japonicum in China. Ann Bot Fenn. 2013;50(1–2):35–42. 
https://doi.org/10.5735/085.050.0105
12. Raxworthy CJ, Martinez-Meyer E, Horning N, Nussbaum RA, Schneider GE, Ortega-
Huerta MA, et al. Predicting distributions of known and unknown reptile species in 
Madagascar. Nature. 2003;426(6968):837–841. https://doi.org/10.1038/nature02205
13. Bourg NA, McShea WJ, Gill DE. Putting a CART before the search: successful 
habitat prediction for a rare forest herb. Ecology. 2005;86(10):2793–2804. 
https://doi.org/10.1890/04-1666
14. Kruijer HJ, Raes N, Stech M. Modelling the distribution of the moss 
species Hypopterygium tamarisci (Hypopterygiaceae, Bryophyta) in 
Central and South America. Nova Hedwigia. 2010;91(3–4):399–420. 
https://doi.org/10.1127/0029-5035/2010/0091-0399
15. Sérgio C, Figueira R, Draper D, Menezes R, Sousa AJ. Modelling bryophyte distribution 
based on ecological information for extent of occurrence assessment. Biol Conserv. 
2007;135(3):341–351. https://doi.org/10.1016/j.biocon.2006.10.018
16. Desamore A, Laenen B, Stech M, Papp B, Hedenäs L, Mateo RG, et al. How do 
temperate bryophytes face the challenge of a changing environment? Lessons from 
the past and predictions for the future. Glob Chang Biol. 2012;18(9):2915–2924. 
https://doi.org/10.1111/j.1365-2486.2012.02752.x
17. Yu J, Tang YX, Guo SL. Comparison of the geographical distribution of Racomitrium and 
Grimmia in China using ArcGis and MaxEnt software. Plant Sci J. 2012;30(5):443–458. 
https://doi.org/10.3724/sp.j.1142.2012.50443
18. Mateo RG, Vanderpoorten A, Muñoz J, Laenen B, Désamoré A. Modeling 
species distributions from heterogeneous data for the biogeographic 
regionalization of the European bryophyte flora. PLoS One. 2013;8(2):e55648. 
https://doi.org/10.1371/journal.pone.0055648
19. Poncet R, Hugonnot V, Vergne T. Modelling the distribution of the epiphytic moss 
Orthotrichum rogeri to assess target areas for protected status. Cryptogam Bryol. 
2015;36(1):3–17. https://doi.org/10.7872/cryb.v36.iss1.2015.3
20. Pearson RG, Raxworthy CJ, Nakamura M, Townsend Peterson A. Predicting 
species distributions from small numbers of occurrence records: a test 
case using cryptic geckos in Madagascar. J Biogeogr. 2007;34(1):102–117. 
https://doi.org/10.1111/j.1365-2699.2006.01594.x
21. Shcheglovitova M, Anderson RP. Estimating optimal complexity for ecological 
niche models: a jackknife approach for species with small sample sizes. Ecol Modell. 
2013;269:9–17. https://doi.org/10.1016/j.ecolmodel.2013.08.011
22. Anderson RP, Dudík M, Ferrier S, Guisan A, J Hijmans R, Huettmann F, et al. Novel 
methods improve prediction of species’ distributions from occurrence data. Ecography. 
2006;29(2):129–151. https://doi.org/10.1111/j.2006.0906-7590.04596.x
23. Phillips S. A Brief tutorial on MaxEnt. Lessons in Conservation. 2006;3:108–135.
24. Phillips SJ, Dudík M. Modeling of species distributions with MaxEnt: new 
extensions and a comprehensive evaluation. Ecography. 2008;31(2):161–175. 
https://doi.org/10.1111/j.0906-7590.2008.5203.x
25. Elith J, Phillips SJ, Hastie T, Dudík M, Chee YE, Yates CJ. A statistical 
explanation of MaxEnt for ecologists. Divers Distrib. 2011;17(1):43–57. 
https://doi.org/10.1111/j.1472-4642.2010.00725.x
26. Halvorsen R. A strict maximum likelihood explanation of MaxEnt, and 
some implications for distribution modelling. Sommerfeltia. 2013;36:1–132. 
https://doi.org/10.2478/v10208-011-0016-2
13 of 15© The Author(s) 2017 Published by Polish Botanical Society Acta Soc Bot Pol 86(2):3543
Číhal et al. / Modeling the distribution of Orthotrichaceae in Middle Asia
27. Renner IW, Warton DI. Equivalence of MaxEnt and Poisson point process models 
for species distribution modeling in ecology. Biometrics. 2013;69(1):274–281. 
https://doi.org/10.1111/j.1541-0420.2012.01824.x
28. Halvorsen R, Mazzoni S, Bryn A, Bakkestuen V. Opportunities for improved distribution 
modelling practice via a strict maximum likelihood interpretation of MaxEnt. Ecography. 
2015;38(2):172–183. https://doi.org/10.1111/ecog.00565
29. Anderson RP, Gonzalez I. Species-specific tuning increases robustness to sampling 
bias in models of species distributions: an implementation with MaxEnt. Ecol Modell. 
2011;222(15):2796–2811. https://doi.org/10.1016/j.ecolmodel.2011.04.011
30. Kumar S, Stohlgren TJ. MaxEnt modeling for predicting suitable habitat for threatened 
and endangered tree Canacomyrica monticola in New Caledonia. Journal of Ecology and 
the Natural Environment. 2009;1(4):94–98.
31. Goffinet B, Buck WR, Wall MA. Orthotrichum freyanum (Orthotrichaceae), a new 
epiphytic moss from Chile. Nova Hedwigia 2007;131:1–11.
32. Lara F, Garilleti R, Mazimpaka V. A peculiar new Orthotrichum species (Orthotrichaceae, 
Bryopsida) from central Argentina. Bot J Linn Soc. 2007;155(4):477–482. 
https://doi.org/10.1111/j.1095-8339.2007.00720.x
33. Medina R, Lara F, Mazimpaka V, Garilleti R. Orthotrichum norrisii (Orthotrichaceae), 
a new epiphytic Californian moss. Bryologist. 2008;111(4):670–675. 
https://doi.org/10.1639/0007-2745-111.4.670
34. Lara F, Garilleti R, Mazimpaka V. Orthotrichum karoo (Orthotrichaceae), a new species 
with hyaline-awned leaves from southwestern Africa. Bryologist. 2009;112(1):194–201. 
https://doi.org/10.1639/0007-2745-112.1.194
35. Lara F, Garilleti R, Medina R, Mazimpaka V. A new key to the genus Orthotrichum Hedw. 
in Europe and the Mediterranean region. Cryptogam Bryol. 2009;30(1):129–142.
36. Plášek V, Sawicki J, Trávníčková V, Pasečná M. Orthotrichum moravicum 
(Orthotrichaceae), a new moss species from the Czech Republic. Bryologist. 
2009;112(2):329–336. https://doi.org/10.1639/0007-2745-112.2.329
37. Fedosov V, Ignatova E. Orthotrichum dagestanicum sp. nov. (Orthotrichaceae, 
Musci) – a new species from Dagestan (Eastern Caucasus). Arctoa. 2010;19:69–74. 
https://doi.org/10.15298/arctoa.19.05
38. Garilleti R, Shevock JR, Norris DH, Lara F. Orthotrichum mazimpakanum sp. nov. 
and O. anodon (Orthotrichaceae), two similar species from California. Bryologist. 
2011;114(2):346–355. https://doi.org/10.1639/0007-2745-114.2.346
39. Medina R, Lara F, Mazimpaka V, Shevock JR, Garilleti R. Orthotrichum pilosissimum 
(Orthotrichaceae), a new moss from arid areas of Nevada with unique axillary hairs. 
Bryologist. 2011;114(2):316–324. https://doi.org/10.1639/0007-2745.114.2.316
40. Medina R, Lara F, Goffinet B, Garilleti R, Mazimpaka V. Integrative taxonomy 
successfully resolves the pseudo-cryptic complex of the disjunct epiphytic moss 
Orthotrichum consimile s. l. (Orthotrichaceae). Taxon. 2012;61(6):1180–1198.
41. Sawicki J, Plášek V, Szczecińska M. Molecular studies resolve Nyholmiella 
(Orthotrichaceae) as a separate genus. J Syst Evol. 2010;48(3):183–194. 
https://doi.org/10.1111/j.1759-6831.2010.00076.x
42. Plášek V. Klíč pro determinaci zástupců rodů Orthotrichum a Nyholmiella v České 
republice. Bryonora. 2012;50:17–33.
43. Lewinsky J. A synopsis of the genus Orthotrichum Hedw. (Musci, Orthotrichaceae). 
Bryobrothera. 1993;2:1–59.
44. Rivas-Martínez S, Rivas-Sáenz S, Penas A. Worldwide bioclimatic classification system. 
Global Geobotany. 2011;1:1–634. https://doi.org/10.5616/gg110001
45. Peterson AT. Niches and geographic distributions. In: Peterson AT, Soberón J, Pearson 
RG, Anderson RP, Martínez-Meyer E, Nakamura M, et al., editors. Ecological niches 
and geographic distributions. Princeton, NJ: Princeton University Press; 2011. p. 23–46. 
(Monographs in Population Biology; vol 49). https://doi.org/10.1515/9781400840670.23
46. Guillera-Arroita G, Lahoz-Monfort JJ, Elith J, Gordon A, Kujala H, Lentini PE, et al. Is 
my species distribution model fit for purpose? Matching data and models to applications. 
Glob Ecol Biogeogr. 2015;24(3):276–292. https://doi.org/10.1111/geb.12268
47. Phillips SJ, Dudík M, Elith J, Graham CH, Lehmann A, Leathwick J, et al. Sample 
selection bias and presence-only distribution models: implications for background and 
pseudo-absence data. Ecol Appl. 2009;19(1):181–197. https://doi.org/10.1890/07-2153.1
14 of 15© The Author(s) 2017 Published by Polish Botanical Society Acta Soc Bot Pol 86(2):3543
Číhal et al. / Modeling the distribution of Orthotrichaceae in Middle Asia
48. Fourcade Y, Engler JO, Rödder D, Secondi J. Mapping species distributions with 
MaxEnt using a geographically biased sample of presence data: a performance 
assessment of methods for correcting sampling bias. PLoS One. 2014;9(5):e97122. 
https://doi.org/10.1371/journal.pone.0097122
49. QGIS Development Team. QGIS Geographic Information System [Internet]. 2016 [cited 
2017 Apr 28]. Available from: http://www.qgis.org
50. Boria RA, Olson LE, Goodman SM, Anderson RP. Spatial filtering to reduce sampling 
bias can improve the performance of ecological niche models. Ecol Modell. 2014;275:73–
77. https://doi.org/10.1016/j.ecolmodel.2013.12.012
51. Anderson RP, Raza A. The effect of the extent of the study region on GIS models of 
species geographic distributions and estimates of niche evolution: preliminary tests with 
montane rodents (genus Nephelomys) in Venezuela. J Biogeogr. 2010;37(7):1378–1393. 
https://doi.org/10.1111/j.1365-2699.2010.02290.x
52. Hijmans RJ, Cameron SE, Parra JL, Jones PG, Jarvis A. Very high resolution interpolated 
climate surfaces for global land areas. Int J Climatol. 2005;25(15):1965–1978. 
https://doi.org/10.1002/joc.1276
53. Chang KT. Introduction to geographic information systems. Boston, MA: McGraw-Hill 
Higher Education; 2008.
54. GDAL – Geospatial Data Abstraction Library: Version 2.1.0 [Internet]. 2016 [cited 2017 
Apr 28]. Available from: http://www.gdal.org
55. Warren DL, Glor RE, Turelli M. Environmental niche equivalency versus conservatism: 
quantitative approaches to niche evolution. Evolution. 2008;62(11):2868–2883. 
https://doi.org/10.1111/j.1558-5646.2008.00482.x
56. Warren DL, Glor RE, Turelli M. ENMTools: a toolbox for comparative 
studies of environmental niche models. Ecography. 2010;33(3):607–611. 
https://doi.org/10.1111/j.1600-0587.2009.06142.x
57. Mbatudde M, Mwanjololo M, Kakudidi EK, Dalitz H. Modelling the potential 
distribution of endangered Prunus africana (Hook. f.) Kalkm. in East Africa. Afr J Ecol. 
2012;50(4):393–403. https://doi.org/10.1111/j.1365-2028.2012.01327.x
58. Pradhan P, Dutta A, Roy A, Basu S, Acharya K. Inventory and spatial ecology of 
macrofungi in the Shorea robusta forest ecosystem of lateritic region of West Bengal. 
Biodiversity. 2012;13(2):88–99. https://doi.org/10.1080/14888386.2012.690560
59. Pradhan P. Strengthening MaxEnt modelling through screening of redundant 
explanatory bioclimatic variables with variance inflation factor analysis. Researcher. 
2016;8(5):29–34.
60. Chefaoui RM, Lobo JM. Assessing the effects of pseudo-absences on predictive 
distribution model performance. Ecol Modell. 2008;210(4):478–486. 
https://doi.org/10.1016/j.ecolmodel.2007.08.010
61. Barve N, Barve V, Jiménez-Valverde A, Lira-Noriega A, Maher SP, Peterson 
AT, et al. The crucial role of the accessible area in ecological niche modeling 
and species distribution modeling. Ecol Modell. 2011;222(11):1810–1819. 
https://doi.org/10.1016/j.ecolmodel.2011.02.011
62. Acevedo P, Jiménez‐Valverde A, Lobo JM, Real R. Delimiting the geographical 
background in species distribution modelling. J Biogeogr. 2012;39(8):1383–1390. 
https://doi.org/10.1111/j.1365-2699.2012.02713.x
63. Barbet-Massin M, Jiguet F, Albert CH, Thuiller W. Selecting pseudo-absences for species 
distribution models: how, where and how many? Methods Ecol Evol. 2012;3(2):327–338. 
https://doi.org/10.1111/j.2041-210x.2011.00172.x
64. VanDerWal J, Shoo LP, Graham C, Williams SE. Selecting pseudo-absence data for 
presence-only distribution modeling: how far should you stray from what you know? 
Ecol Modell. 2009;220(4):589–594. https://doi.org/10.1016/j.ecolmodel.2008.11.010
65. Longton R. Reproductive biology and life-history strategies. Advances in Bryology. 
1997;6(65):101.
66. Wyatt R. Population ecology of bryophytes. Journal of the Hattori Botanical Laboratory. 
1982;52:179–198.
67. Lönnell N, Hylander K, Jonsson BG, Sundberg S. The fate of the missing spores patterns 
of realized dispersal beyond the closest vicinity of a sporulating moss. PLoS One. 
2012;7(7):e41987. https://doi.org/10.1371/journal.pone.0041987
68. Sundberg S. Spore rain in relation to regional sources and beyond. Ecography. 
15 of 15© The Author(s) 2017 Published by Polish Botanical Society Acta Soc Bot Pol 86(2):3543
Číhal et al. / Modeling the distribution of Orthotrichaceae in Middle Asia
2013;36(3):364–373. https://doi.org/10.1111/j.1600-0587.2012.07664.x
69. Stoneburner A, Lane DM, Anderson LE. Spore dispersal distances in 
Atrichum angustatum (Polytrichaceae). Bryologist. 1992;95(3):324–328. 
https://doi.org/10.2307/3243491
70. Snäll T, Fogelqvist J, Ribeiro P, Lascoux M. Spatial genetic structure in two congeneric 
epiphytes with different dispersal strategies analysed by three different methods. Mol 
Ecol. 2004;13(8):2109–2119. https://doi.org/10.1111/j.1365-294x.2004.02217.x
71. Sundberg S. Larger capsules enhance short-range spore dispersal in 
Sphagnum, but what happens further away? Oikos. 2005;108(1):115–124. 
https://doi.org/10.1111/j.0030-1299.2005.12916.x
72. Miles C, Longton R. Deposition of moss spores in relation to distance from parent 
gametophytes. J Bryol. 1992;17(2):355–368. https://doi.org/10.1179/jbr.1992.17.2.355
73. Soro A, Sundberg S, Rydin H. Species diversity, niche metrics and species 
associations in harvested and undisturbed bogs. J Veg Sci. 1999;10(4):549–560. 
https://doi.org/10.2307/3237189
74. Miller NG, McDaniel SF. Bryophyte dispersal inferred from colonization of an 
introduced substratum on Whiteface Mountain, New York. Am J Bot. 2004;91(8):1173–
1182. https://doi.org/10.3732/ajb.91.8.1173
75. Hutsemekers V, Dopagne C, Vanderpoorten A. How far and how fast do 
bryophytes travel at the landscape scale? Divers Distrib. 2008;14(3):483–492. 
https://doi.org/10.1111/j.1472-4642.2007.00454.x
76. Radosavljevic A, Anderson RP. Making better MaxEnt models of species 
distributions: complexity, overfitting and evaluation. J Biogeogr. 2014;41(4):629–643. 
https://doi.org/10.1111/jbi.12227
77. Zhang L, Cao B, Bai C, Li G, Mao M. Predicting suitable cultivation regions of medicinal 
plants with MaxEnt modeling and fuzzy logics: a case study of Scutellaria baicalensis in 
China. Environ Earth Sci. 2016;75(5):361. https://doi.org/10.1007/s12665-015-5133-9
78. Swets JA. Measuring the accuracy of diagnostic systems. Science. 1988;240(4857):1285–
1293. https://doi.org/10.1126/science.3287615
79. Fielding AH, Bell JF. A review of methods for the assessment of prediction errors 
in conservation presence/absence models. Environ Conserv. 1997;24(1):38–49. 
https://doi.org/10.1017/s0376892997000088
80. Benítez Á, Prieto M, Aragón G. Large trees and dense canopies: key factors for 
maintaining high epiphytic diversity on trunk bases (bryophytes and lichens) in tropical 
montane forests. Forestry. 2015;88(5):521–527. https://doi.org/10.1093/forestry/cpv022
81. Glime JM. Bryophyte ecology. Vol 1. Physiological ecology. Ebook sponsored by 
Michigan Technological University and the International Association of Bryologists 
[Internet]. 2007 [cited 2017 May 12]. Available form: http://www.bryoecol.mtu.edu/
82. Bates J, Roy D, Preston C. Occurrence of epiphytic bryophytes in a tetrad transect across 
southern Britain. 2. Analysis and modelling of epiphyte-environment relationships. J 
Bryol. 2004;26(3):181–197. https://doi.org/10.1179/037366804x5288
83. Marini L, Nascimbene J, Nimis PL. Large-scale patterns of epiphytic lichen species 
richness: photobiont-dependent response to climate and forest structure. Sci Total 
Environ. 2011;409(20):4381–4386. https://doi.org/10.1016/j.scitotenv.2011.07.010
84. Sumarga E. A comparison of logistic regression, geostatistics and MaxEnt for distribution 
modeling of a forest endemic; a pilot study on lobel’s maple at Mt. Pizzalto, Italy [Master 
thesis]. Enschede: University of Twente; 2011.
